INTRODUCTION
Precise control of the timing and amount of genes expressed is the basis for the existence of different cell types arranged in a complex structural pattern in a multicelluar organism despite having the identical genome of the organism. The regulation of gene expression is accomplished by specific binding between cis-regulatory regions of the genome and proteins such as transcription factors. Such specific binding is made possible by specific interactions between DNA and proteins.
Interaction between DNA and proteins could be described by various types of energy functions. Existing energy functions for protein-DNA interactions can be separated into direct and indirect readout components. Indirect readout refers to binding specificity caused by minimizing the energy penalty of DNA deformation on protein binding, 1-7 whereas direct readout involves specific binding because of specific interactions between proteins and DNA.
This article focuses on searching for the specific energy function responsible for direct readout. Existing energy functions for protein-DNA binding can be classified as molecular-mechanics-based 2,8-12 and knowledge-based. 13-15 A molecular-mechanics-based energy function is approximated by physical interaction terms including bonded and nonbonded interactions whose parameters and weights are derived from experimental results and quantum/theoretical calculations of small [16] [17] [18] or macro-molecules. 9,19 A knowledge-based energy function, 13-15 on the other hand, is derived from statistical analysis of known protein-DNA structures, similar to knowledge-based potentials for proteins. 20 Different knowledge-based energy functions differ on how a reference state is defined. A reference state is a state when interactions are turned off. For example, Kono and Sarai 15,21 proposed a residue/base-level, three-dimensional grid potential based on a statistically averaged reference state proposed by Sippl. 22 Zhang et al. 14 employed a distance-scaled, finite ideal-gas (DFIRE) reference state 23-25 for deriving protein-DNA interactions. Liu et al. 13 devel-ABSTRACT How to make an accurate representation of protein-DNA interaction by an energy function is a long-standing unsolved problem in structural biology. Here, we modified a statistical potential based on the distancescaled, finite ideal-gas reference state so that it is optimized for protein-DNA interactions. The changes include a volume-fraction correction to account for unmixable atom types in proteins and DNA in addition to the usage of a low-count correction, residue/base-specific atom types, and a shorter cutoff distance for protein-DNA interactions. The new statistical energy functions are tested in threading and docking decoy discriminations and prediction of protein-DNA binding affinities and transcriptionfactor binding profiles. The results indicate that new proposed energy functions are among the best in existing energy functions for protein-DNA interactions. The new energy functions are available as a web-server called DDNA 2.0 at http://sparks. informatics.iupui.edu. The server version was trained by the entire 212 protein-DNA complexes.
oped a multi-body residue-base potential with an optimized, distance-dependent reference state. Robertson and Varani 26 applied a conditional probability formalism due to Samudrala and Moult. 27 Donald et al. 11 applied several approximations including Quasi-chemical approximation 28 and generalized topological Go approximation. 29 The purpose of this article is to develop a knowledgebased protein-DNA energy function based on a finite ideal-gas reference state. Our initial application of the DFIRE potential to protein-DNA complexes was based on the idea that protein and DNA molecules share common atom types (only 19 atom types employed for both). 30 That is, the complexes are treated as a single mixable system and the original physical foundation of the DFIRE state (a state of ideal-gas mixture in a finite sphere) remains reasonable. However, if the atom types of proteins and those of DNA are different, the two types of atoms will locate at physically separated locations. A direct application of the DFIRE state to protein-DNA interactions 11,26 is no longer suitable.
In this article, we introduce a volume-fraction correction to account for unmixable nature of protein and DNA atom types. In addition, we employ low-count corrections and a reduced interaction-distance cutoff to the finite ideal-gas reference state for protein-DNA interactions. The new proposed energy functions are tested in protein-DNA threading, docking decoy discrimination, binding affinity prediction, and prediction of transcription-factor binding profiles. To avoid overtraining, we employed separate training structural databases for different testing benchmarks.
METHODS
Residue/base-specific atom types
As the first application of the DFIRE energy function for protein-DNA interactions (referred as DDNA here and hereafter), 24 proposed statistical energy functions will be derived from the known structures of protein-DNA complexes. Unlike DDNA, the proposed energy functions treat atoms in proteins and those in DNA as completely different atom types (i.e. no overlapping atom types). More specifically, we employed residue or base-specific atom types as in Robertson and Varani. 26 In other words, every protein and nucleic-acid heavyatom type is considered in a residue/base-specific manner (e.g. C a in alanine is a different atom type from that in leucine and C1 0 in adenine is a different atom type from that in guanine). All nonprotein, non-DNA atom types were not employed. There are a total of 167 atom types for proteins and 82 atom-types for DNA. For example, 82 atom types for DNA are resulted from 21, 19, 22, and 20 atoms in bases A, C, G, and T, respectively. 
where R is the gas constant, T 5 300 K, a 5 1.61, N obs ði; j; rÞ is the number of ij pairs within the spherical shell at distance r observed in a given structure database, r cut 5 14.5 Å , and Dr (Dr cut ) is the bin width at r(r cut ) (Dr 5 2 Å for r < 2 Å , 0.5 Å for 2 Å < r < 8 Å , and 1 Å for 8 Å < r < 15 Å ). The value of a was determined by the best fit of r a to the actual distance-dependent number of ideal-gas points in finite protein-size spheres. We shall label the outcome of this equation as the DFIRE energy function for residue/base specific atom types. This equation was used to generate DDNA with 19 atom types for both proteins and DNA. 14 It should be emphasized that choosing T 5 300 K is arbitrary and RT is a scaling coefficient that does not have any effect on the results presented here because we are interested in the relative rather than the absolute energy value. Moreover, all knowledge-based energy function assumes that various protein structures belong to different snapshots of the same thermodynamic ensemble.
Distance-scaling and cutoff
When the DFIRE energy function was applied to protein-protein 31 and protein-DNA 14 interactions, it was applied only to interfacial residues 32 or atoms. 14 Such a limit to interfacial atoms or residues indicates that it will be beneficial to limit the interaction range of the DFIRE for binding interactions. Similarly, Robertson and Varani 26 found that a shorter distance (10 Å ) cutoff leads to a more discriminative energy function for selecting native complex structures from protein-DNA docking decoys. Here, we will employ a 10 Å cutoff without distance scaling. 22 We found that it did not make a statistically significant additional improvement in testing. Thus, we will not introduce the correction here.
Volume-fraction correction
The above equation was derived with a reference state of uniformly distributed points within finite-sized spheres. That is, all atom types mix with each other well. However, residue/base-specific atom types do not mix with each other and they are located in either DNA or proteins. As a result, it becomes necessary to replace the volume element (4pr 2 Dr for an infinite ideal-gas mixture or 4pr a Dr for the DFIRE approximation) by the fraction of the volume element occupied by protein-DNA atomic pairs. This volume-fraction correction leads to an equation for vcFIRE between protein and DNA atoms given by u vcFIRE ði; j; rÞ ¼ ÀRT ln (4)]. This equation assumes a rigid-body docking during the formation of protein-DNA complexes and neglects the contributions from DNA deformation and from possible binding-induced change of the protein conformation. That is, intraprotein and intra-DNA interactions are assumed to be unchanged during the binding.
Test 1: DNA threading decoys
The protein-DNA threading benchmark is made of 51 complexes collected by Kono and Sarai. 15 For each protein-DNA complex, we generate 50,000 evenly distributed random DNA sequences. That is, each base has a probability of 0.25. The DNA structure of a random sequence is constructed by fixing the phosphate-deoxyribose backbone and overlapping the new base pair with the position of the native base pair. In this test, we employ a training database of 166 complexes after removing 46 complexes in the dataset of 212 complexes that have higher sequence identity than 35% with the 51 testing complexes (see Table I ).
The ability of an energy function to discriminate a native DNA sequence from randomly generated DNA sequences is measured by Z-score with Z-score 5 (DG native 2 DG ave )/S and DG ave and S are the average and standard deviation of the free energy values of threading decoy complexes, respectively. To ensure the accuracy of obtained Z-score values, we calculated the average of 200 Z-score values by generating 199 additional sets of 50,000 decoys per protein-DNA complexes. Each set was generated with different random numbers. We report the average and standard deviations of the Z-score values.
Test 2: Docking decoy discrimination
We obtained near-native docking decoy sets of 45 protein-DNA complexes from Robertson and Varani. 26 There are 2000 lowest-RMSD decoys for each complex generated by FTDock and near-native structures generated from restraints around native complex structures. For this test, a nonhomologous training dataset of 167 complexes is employed (removing 45 complexes in 212 training complexes with sequence identity higher than 35% with these 45 test complexes, see Table I ). Similar to the DNA threading test above, the ability of an energy function to discriminate a native conformation from decoy conformations is measured by Z-score.
Test 3: Recovering native base pairs
For a given protein-DNA complex, each base pair is replaced by three other possible base pairs. The total free energy between the native base pair and the protein is compared with the energy values between the three other base pairs and the protein. If the native base pair has the lowest energy, that native base pair is successfully recovered by the energy function. We measure the success rate for recovering native base pairs by calculating the fraction of recovered native base pairs in total number of base pairs in the DNA sequence. This success rate is averaged over the number of protein-DNA complexes. Here, we have assumed that the contribution from the intra-DNA interaction is negligible with the assumption of rigidbody docking. A 10-fold cross validation is performed for this test based on a randomly selected 200 complexes in the dataset of 212 complexes. We randomly divide the 200 complexes into 10 parts (folds). Each fold has 20 complexes. In each test, nine folds are used for training and the remaining fold is for testing. This test is repeated 10 times to cover every fold. Table I ). Table I ).
Test 6: Prediction of position-specific weight matrix
Our approximate protein-DNA interaction for the binding free energies allows the decomposition of the predicted binding free energies into the contributions by each individual base. That is,
where DG i a is the binding free energy of a base a (A, C, G, or T) at position i. In our proposed energy functions, DG i a is independent of all other bases. We can calculate position-specific weight matrix (PWM) of a given base a at a given position i by using the Boltzmann formula:
where g represents different bases, b ¼ 1=RT is the inverse of temperature and employed as a fitting parameter. The significance of PWM prediction is evaluated by w À test. w À test 9 is a generalization of well-know x 2 À test 9 :
where p i g is the predicted probability of base g at position i, q i g is the experimental frequency and L is the length of base pairs. To avoid zero denominators, both p and q distributions are smoothed by adding 0.05 to all PWM entries and re-normalizing to avoid zero probabilities at denominator. Morozov et al. 9 also evaluated wðp random ; qÞ by comparing randomly predicted p random matrix against the experimental matrix q. Each random weight matrix was calculated by sampling four numbers in (0, 1) interval and normalized. An average of 10,000 wðp random ; qÞ was obtained. The difference between < wðp random ; qÞ > and wðp; qÞ measures the successfulness of the predicted PWM. We use the database of 19 complexes with experimental PWM values collected by Morozov et al. 9 We have removed 1ihf from their original 20-complex set because of the mismatch between the PWM and the DNA bases in the 1ihf complex structure. Homologous protein sequences to these 19 complexes are excluded from our training set. That is, 194 complexes are used for training our energy functions in this particular test (see Table I ).
RESULTS

Test 1: Sequence-decoy discrimination
In Table II , we compare the average Z-scores given by different variants of DFIRE energy functions along with the results given by Gromiha et al. 35 Each average Z-score is an average of 200 Z-scores generated by random 50,000 sequence decoys. A more negative Z-score indicates a larger normalized gap between the energy of a native complex structure and the average energy of sequence decoys. The standard deviations of the Z-score values for all 51 protein-DNA complexes are between 0 and 0.03. Thus, the results are stable. Table II shows that reducing the range of interaction from DFIRE to FIRE makes a significant improvement in mean Z-scores from 20.5 to 22.2. Addition of volume correction (vFIRE) makes no significant change. A low-count correction based on Dirichlet pseudocount (cFIRE) further improves the Z-score to 22.8 from 22.2 (P < 0.0001 according to the paired t-test, GraphPad software: http://www.graphpad.com/quickcalcs/ ttest1.cfm), whereas no significant change is observed for the introduction of further volume correction (vcFIRE) in this test (P 5 0.17). The number of positive Z-score values (where the average energy of sequence decoys is lower than the energy of native DNA sequence) is reduced from 3 in FIRE, 2 in vFIRE, 1 in cFIRE, to 0 in vcFIRE. For majority of protein-DNA complexes, the Z-score values given by vcFIRE are lower than that given by FIRE or by DFIRE. There are a few exceptions. For example, Z-score for 1dp7 is 23.65 by FIRE, 23.61 by vFIRE, 23.47 by cFIRE, and 23.00 by vcFIRE. In this case, all correction terms failed to improve Z-score. This is somewhat expected because proposed corrections are approximations and unlikely to improve Z-score in every case.
Nevertheless, the average Z-score values (22.2 to 22.86) given by various FIRE energy functions are significantly lower than the two methods proposed by Gromiha et al. 35 (21.7 and 21.8, respectively). As a comparison, we also applied DDNA 14 to this threading set. DDNA's Z-scores are close to DFIRE's, in average. A more challenging test is the ability to identify nearnative complexes by various energy functions (i.e. predicting the best structure from available decoys). Table IV compares the lowest rmsd structure in top five decoys ranked by various DFIRE energy functions, along with the best possible decoy structure in the decoy set. The median of the best rmsd values in top five for the 45 protein-DNA complexes is 0.51 Å by FIRE, 0.55 by vFIRE, 0.50 Å by cFIRE, and 0.46 Å by vcFIRE. The latter is close to the best possible median value of 0.44 Å . The Robertson and Varani 26 energy function yields a median value of 0.50 Å , the same as cFIRE and higher than vcFIRE. If we define a failure in prediction as the best rmsd value in top five predictions is greater than 2 Å , there are 3 by FIRE, 10 by vFIRE, 0 by cFIRE, 0 by vcFIRE, and 1 by the Robertson and Varani 26 energy function. This indicates that volume fraction correction without low count correction significantly reduces the ability of the energy function for locating near-native structures. Table V reports 10-fold cross-validated average success rates for recovering native base pairs of 200 protein-DNA complexes (see Methods section). All four tested methods yield essentially the same success rate of 40%. This success rate is substantially higher than 25% success rate by random selection and 31% by DDNA. Table VI compares the correlation coefficients between theoretically predicted changes and experimentally measured changes in stability due to mutation. For a majority of protein-DNA complexes, there is no significant correlation. In fact, the overall correlation coefficients for all 189 mutants are nearly zero for DDNA, FIRE, vFIRE, cFIRE, and vcFIRE. This highlights the challenge for DDG prediction. 11,26 
DISCUSSION
In this article, we have developed statistical energy functions based on finite, ideal-gas reference (FIRE) state for protein-DNA interactions. The new proposed methods further extend the statistical energy function based on the distance-scaled FIRE (DFIRE) state that was originally developed for proteins 23-25 and applied to protein-DNA interactions (DDNA). 14 Significant improvements over DDNA by FIRE-based energy functions are observed for threading and docking decoy discriminations, recovery of native base pairs, and prediction of binding profiles. These improvements are due to a combination of following factors: a reduction of interaction range from 15 to 10 Å , an employment of residue/basespecific atom types, a low-count correction, and volumefraction correction. We further show that low-count correction alone (cFIRE) is found useful for DNA threading and PWM prediction but not for docking, whereas the volume correction is most effective only if it is combined with the low count correction. The first three factors were also used to improve the accuracy of the RAPDF statistical potential for protein-DNA interactions. 26 It is of interest to compare the performance of FIREbased energy functions with other statistical energy functions. For DNA threading decoys (Test 1), the Z-score values given by various FIRE energy functions are signifi- Table VII . Compared with FIRE-based energy functions, the Rosetta energy function contains many physical and knowledge-based energy terms whose relative weights were optimized by using experimental DG and DDG data in the static model or native recovery of native protein amino acid side chains in the dynamic model. Because the protein-DNA complexes in the database for DG and DDG overlap with the complexes in the database for PWM test, the static model may have been over-trained for the PWM test. Here, we make an effort to avoid over training by employing separate training sets for different test sets.
It has been shown that a model with reduced atom types is less accurate than a model with residue/base specific atom types (e.g., in Robertson and Varani's Figure 2 PWM prediction of phage lambda repressor protein (lambdaR, PDB id:1lmb) given by experiment, FIRE, cFIRE, and vcFIRE (from top to bottom), respectively. vFIRE is not shown because it is similar to that of cFIRE. work 26 ). We also tested a version of FIRE with unmixable 12 atom types for proteins and 11 atom types for DNA (same as 19 atom types in DDNA except that atom types for proteins and DNA do not mix with each other). This version of FIRE leads to an average Z-score of 21.66 for the threading decoy set, a significant reduction (P value of 0.0009 for paired t-test) from 22.23 for FIRE based on residue/base-specific atom types. This confirms the utility of residue/base-specific atom types.
This work represents an optimized version of the finite ideal gas reference state for protein-DNA interactions. Initial tests of the proposed FIRE-based energy functions indicate that they are among the best in existing energy functions for protein-DNA interactions. This is encouraging because there is room for further improvement. Examples are incorporation of the effect of DNA conformational changes and orientation-dependence of the protein-DNA interaction. Recently, we have developed a dipolar DFIRE (dDFIRE) energy function for proteins. 36 In this energy function, each polar atom is treated as a dipole with a direction and the orientation dependence of polar interactions is extracted from protein structures. This approach takes into account the hydrogen-bonding interaction via the physical dipole-dipole interaction and the possible orientation-dependent interactions between polar and nonpolar atoms and between polar atoms that are nonhydrogen-bonded. The development of a corresponding dipolar vcFIRE is in progress.
